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Abstract: In order to ensure the optimal state of recovered molding sand inside a foundry, it is
necessary to avoid temperature peaks and to ensure optimal humidity conditions prior to reusing
the sand. Sand that is too hot or without optimal moisture can cause production delays due to a
long mixing process, excessive consumption of raw materials, or poor agglutination. To ensure a
stable and optimal sand temperature, many foundries choose to incorporate coolers into their process,
however, it is a solution that is not always viable, either due to their high cost or a lack of space
within the facility. Another solution is to incorporate water sprinklers into the cooling drum which
contribute by reducing the temperature of the castings and the sand, but these systems do not prevent
temperature peaks from occurring. Therefore, here, we present a control methodology, based on a
digital architecture that, governed by an intelligent digital twin allows us to know the real situation
and the current rate of production, providing suggestions for water addition. The obtained system
reduces the average temperature and its variation, as well as eliminates temperature peaks, giving a
more controlled manufacturing process.

Keywords: smart manufacturing; digital twin; industry 4.0; sand optimization; intelligent systems

1. Introduction

Manufacturing processes are an important part of today’s society. More specifically,
thanks to them, consumers can have different products and services. Within the manu-
facturing processes, foundries are one of the central axes of the economy. Thousands of
parts are created in foundries around the world with the aim of producing more complex
systems, for example, brake calipers to help the braking systems of motorized vehicles, the
screw that allow boats to move, the mechanisms that grant the movement of the flaps of an
airplane, or the trigger of a firearm.

Despite being one of the fundamental axes of society, foundries are still at a lower level
of development in terms of digitization and application of intelligent systems than other
industries of similar importance. In addition, current trends encourage the production of
even smaller and more precise components. Thus, any small aspect or characteristic of the
process can influence the result of the parts produced.

A foundry is the place where the process of transforming metals into parts takes
place. In summary, operators introduce the already molten metal into a mold. Once the
cooling process is complete, the final piece is obtained. In [1], we found information on
the production processes developed on metals. Specifically, Pattnaik et al. [1] detailed the
process which this research work is focused on, i.e., the process in which molten metals are
poured into molds where there are other related tasks such as the preparation of molds or
cores and the finishing tasks of manufactured parts. Given that the two most influential
elements are principally the metal and the mold, improvements on either element should
positively affect the final result.

The casting method on which this research has focused is driven by the creation of
green sand molds. In this process, and since there is a constant reuse of the generated
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sand, it is important to ensure the optimal state of the recovered sand. For this reason, it
is necessary to avoid temperature peaks and to consolidate optimal humidity conditions
before being stored in silos and reused [2]. A sand that is too hot or without the optimal
humidity can cause production delays due to a mixing process that is too long, excessive
consumption of raw materials, or poor agglutination, which, in the worst-case scenario,
can produce failures in the pieces because of inclusions or molding defects.

To ensure a stable and optimal temperature of the sand, many foundries incorporate
coolers into their process. However, this is a solution that is not always viable, either due to
the high cost of the equipment or due to a lack of space, because the coolers are considerably
large [3]. When it is not possible to include coolers, foundries usually incorporate water
sprinklers into the cooling drum, which lower the temperature of the parts and the sand.
Nevertheless, automatic sprinkler systems do not prevent temperature spikes in the sand,
a requirement that more and more customers demand. Moreover, if the addition of water
by spraying it in the cooling drum is not adequate, it may produce episodes in which the
sand comes out with the produced parts or, additionally, the sand comes out of the cooling
drum with uneven humidity levels that affect its storability and its subsequent mixing.

The reason why it is difficult to achieve a stable quality (temperature and humidity) of
the sand by means of automatic water addition systems, as widespread installed mecha-
nism, is that the manufacturing process is not constant, i.e., the same types of pieces are
not always produced or the sizes of molds or batches are not always the same. Therefore,
the load of the cooling drum (a sum of sand and casting pieces) is variable, and the same
quantity of water can be excessive or too little to achieve the desired objective.

Against this background, the new industrial revolution based on information and the
possibilities offered by intelligent systems may be the tool that solves this challenge [4,5]. Thus,
Sertucha et al. [6] discussed the opportunities of using simulation tools in the process. In
the same way, perhaps, with information retrieval, representation of reality, and simulation
of the current state of the manufacturing process, a system capable of handling it could
be obtained. Hence, based on publications such as [7], our approach is to create a digital
twin as a solution to determine which is the appropriate water addition, adjusted to the
real conditions that occur in a plant. In other words, our approach is to determine, in real
time, several features such as the type of casting, metal, and sand weights that are being
produced, and adjusting water addition calculations with all this data (something that
is not taken into consideration by ancient systems that only apply a simplification of the
manufacturing process). Previous research has contributed to other foundries by creating
digital twins that monitor metallurgical treatments and molding systems [8].

Specifically, we propose a control methodology, based on a digital architecture [9]
that, governed by an algorithm [10,11], allows us to always know the real situation and the
production rate. On the basis of this, we are able to predict the real status of the cooling
drum load, the conditions in which the sand leaves it, and its temperature and humidity
level when sand is flowing to the storage. The digital twin [8] developed reproduces and
controls the molding, filling, and demolding processes, as well as the conditioning of the
sand during the transportation to the silos. This software is fed data extracted from the
equipment involved in the process as well as data from a minimal network of strategically
located sensors.

The remainder of this paper is organized as follows: in Section 2, we describe the work
and the steps carried out to achieve the creation of the digital twin. Likewise, we describe
the necessary sensors, their operation, and the formulas that govern the digital twin. In
Section 3, we describe the results that have been achieved by our proposed approach.
Finally, in Section 4, we discuss the presented solution, show the future work and the
improvements that can be made to our proposal. In addition, we conclude the article and
the research presented here.
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2. Materials and Methods

As previously described, the solution adopted in this research work was the creation of a
digital twin [10] that accurately represents what happens in the final part of the molding and
casting line. In this way, to achieve this complex objective, and according to Boscher et al. [12],
we define the following fundamental purposes:

1. To digitize the process, which is essential in order to digitally represent the manufac-
turing process that we want to optimize.

2. To expand the amount of digitalized information, and therefore, to achieve a represen-
tative set for understanding and managing the process to be optimized.

3. To generate a robust IIoT (Industrial Internet of Things) system that creates the axes
that can be used to correctly define the digital twin.

4. To provide a solution that, in addition to describing the current behavior, is capable of
providing digitally calculated solutions that improve the real system.

The best way to achieve all these purposes is through a simplification of the general
problem using the well-known “divide and conquer” (divide et impera) methodology. This
methodology simplifies the initial problem into smaller and more affordable challenges that,
by solving and combining them, will provide a global solution to the initial problem. This
methodology is widely used to deal with legal issues [13], mathematical calculations [14], and
computer science problems (specifically in parallel processing) [15]. Considering this idea,
the steps defined in the research and the development of our solution are detailed below:

Identification of the problem and the challenges to be overcome. The purpose of this first step is to
extract the background and context of the problem to be solved. In other words, we work
to become aware of what we are trying to solve.
Acquisition of knowledge. The second step is the acquisition of knowledge at a high level,
providing the general vision necessary to start the investigation. Later, when we are
working on a much more specific topic about the challenge to be faced, we will study that
topic in a more specific way.
Division in challenges. Based on the idea of divisions already mentioned, in this step, we
define the challenges to be faced with their specific steps for each of them. In the case of
our work, the following challenges have been identified: (i) sensorization and required
data, (ii) representation of the digital twin, (iii) uncertainty management and adjustments,
(iv) prediction or regression function, (v) management of special cases and (vi) system
integration. For each of these challenges, the following subphases are carried out:

a. In the acquisition of specific knowledge subphase, once the topic is defined, during
this stage, we increase the knowledge to solve this problem. Many times, this
acquisition has been directly related to the exploration and learning of the production
process that we are optimizing.

b. In the definition of the experiment and the techniques to be used subphase, the
specific research and experiments are defined for each of the challenges to be faced.

c. In the evaluation subphase, we carry out the defined experiment and obtain results
of the approximation that has been defined.

d. In the analysis subphase, once the previous stage is finished, an analysis process is
carried out on the data collected during the specific experimentation designed.

Interpretation of the results. When each solution for all identified challenges has been created,
we combine all of them, and develop a final interpretation based on all the results.

Given the length that such a detailed explanation of each and every step of the
methodology would take for all of the identified challenges, here, we provide a more concise
explanation, but clear and extensive enough to understand the problem and facilitate the
reproducibility of the system we present. Therefore, the aspects associated with each of
these challenges is detailed below.
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2.1. Sensorizing and Required Data

Taking into consideration the abovementioned details, the proposed system is based
on the fundamental requirement of strong digitization in a foundry. If it did not exist, we
would not be able to digitally represent the reality of the manufacturing process. Therefore,
through the inclusion of new sensors, together with the existing MES (manufacturing
execution system) and other installed sensors and small software already deployed, it is
possible to extract information about the produced molds that has not been possible until
now. Thus, after the knowledge extracted from publications such as [16–18], we begin with
the work associated with this first challenge.

Firstly, to identify the most important aspects of the process, we developed a cause–
effect analysis of the variables involved in the molding, casting, and cooling processes
of a green sand foundry. Specifically, an analysis of variables was performed through an
Ishikawa diagram [19]. This type of diagram has been widely used to determine or identify
the causes of sinking defects [20], rough surfaces in sand production [21], or defective
bearings [22], among others.

In this way, by developing an exhaustive analysis of influencing factors, we created
the diagram shown in Figure 1. Specifically, basic categories of specific variables were
detected after the analysis of the process and taking into consideration references such as
that of Beeley’s publication [23], as shown in Figure 1.
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Figure 1. Ishikawa Diagram of cause–effect factors in green sand molding, collected after observations
of the process and the addition of expert knowledge extracted from the bibliographic studies.

Based on the previous analysis, we determined that the critical variables to be used in
the digital representation process were the following:

Time Shake Out. The data obtained from the database of the molding machine. These
data are extracted directly from the manufacturer’s CIM through a monitoring and capture
development that had already been carried out. Note that there were certain bugs that had
to be handled in the software.
Pouring time or instant in which each mold is filled. Additional information extracted in
the same way as the previous variable. Pouring is sometimes not reported correctly in the
manufacturer’s database and, again, some adjustments were needed to ensure the time
was set.
Thickness. This information, similar to the previous variables, is stored in the manufac-
turer’s database and is extracted by the abovementioned application for monitoring. This
value means the thickness of the mold that can vary in each production.
Compressibility. This is the value that indicates whether the machine is working with or
without load. If the value is 0, the machine has work without creating any mold and this
translates to a hole created into AMC. If the value is positive, the machine has molded a new
mold that it places at the beginning of the molding line and will move with each movement
it makes. The compressibility value is also provided by the molding machine database.
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Gross weight of bunches of all references. This information is provided by the engineering
department of the foundry; this design data is exported every night and recorded in a
database table that the intelligent system can query when needed.
Mold temperature. This temperature is a reference to determine if the mold is full or empty.
According to this measurement, the molds are processed in different ways within the
intelligent system.
Temperature of the sand at the exit of the cooling drum. Temperature information is used to
extract the variations that are being reached when the method of adding water is modified.
Through this measurement, the algorithm behind the digital twin can be adjusted.
Operating signals from different equipment. Several situations can occur in the production
and demolding process. The digital twin must always know the real state to work on
solving the problems detected. Therefore, it is necessary to have the signals that show how
the line is working. Some of the most important signals are those that communicate the
activation of a by-pass, vibrating device, and cooling drum.

Part of this information is extracted by the new sensors that are detailed below and
shown in Figures 2 and 3.
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Figure 3. Diagram representing the temperature sensors (T3 and T4) and humidity sensors (H1, H2,
and H3) on tapes at the exits of the cooling drums of both production lines and just before taking the
sand to the silo.

• Temperature sensor at the end of the production line (T0). This sensor is in charge
of determining the temperature of the mold cup. Specifically, this sensor provides
information about the filling of the mold. If the mold is full, it detects the temperature
of the metal. However, if the mold is empty, it detects the temperature of the sand (a
much lower temperature).

• Temperature sensor at the entrance of the cooling drum (T1). This installed sensor is
proposed to improve the temperature values at the entrance to the cooling drum. Thus,
together with the value of the sensor marked as T0, the reality can be better adjusted.

• Temperature sensor at the cooling drum outlet (T2). This sensor captures the temper-
ature of the sand that has been separated and leaves the cooling drum. This sensor
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can detect the empty belt before the cooling drum stops, therefore, the system must be
able to identify this special situation.

• Temperature and humidity sensors on the conveyor tapes. Temperature sensors (T3
and T4 in Figure 3) and humidity sensors (H1 and H2 in Figure 3) are installed after
the sand exits each cooling drum before the unification of the tapes. These sensors
stop/restrict the addition of water in the drum if the humidity is too high. Finally, an
extra humidity sensor (H3 in Figure 3) is added after some water showers before the
sand is transported to the silos.

All the information from sensors was retrieved and stored in time series databases
that allowed us to manage and graph the information in a line graph that helped to extract
patterns and parameters to be managed by the digital twin.

For information purposes, we must make an important reflection related to timing,
durations, and other aspects associated with the date and time variables. There are many
servers, entities, databases, and software that must maintain temporary synchronism to
avoid problems in subsequent measurements and evaluations.

2.2. Representation of the Digital Twin

In order to generate a tool capable of determining the amount of water that must be
added, it is necessary to know the flow of sand and metal that is traveling in the line, the
vibrating device, and the cooling drum. To do this, based on the data that we are capable of
collecting and managing in real time (described in the previous subsection) a digital twin is
generated. Specifically, our approach was to digitally reproduce the situation of molds in
the area between the end of the line (marked by the mold cup sensor, T0 in Figure 2), the
vibrating transport belt, and the first part of the cooling drum (part or section where the
smart software can act).

Hence, our digital twin was formally defined with SBC being the set of z discrete
molds after sensor T0, where xi has vi variables (vi1, v2, . . . , vz) representing the mold,
and V is the set of n + m molds (n for vibrating device and m for cooling drum), of vi
variables that bind the output of SBC{xn, . . . , x2, x1} → V{xn, . . . , x2, x1, yn, . . . , y2, y1}
for displacements ∀n > |SBC| and provides the shake out time variable. Specifically in this
use case, n > |SBC| = 4 and |V| = 50 → n = m = 25 .

In order to reproduce the current situation of the manufacturing process, the digital
twin must be able to model the movements of the molds. In this way, it performs event-
based management. The digital twin acts under the following events:

1. The first event is the shake out or mold drop. The digital twin has subscribed to the
storage (database) of the molds extracted with the sensorics previously mentioned.
Once a mold falls from the SBC, it passes from the cooling line to the vibrating device
that transports it to the cooling drum. In that moment, the digital twin receives that
event from the database and triggers a series of tasks to represent the current state
and do the associated calculations. Then, upon this event, the digital twin retrieves
the new mold that is under the temperature sensor and advances all the stored molds
in its FIFO type queue that represents the end of the SBC.

2. Before an advance, if the SBC is full, one of its molds will fall into the vibrating device.
Therefore, the digital twin deques a mold from its SBC FIFO queue to enqueue it
into its vibrant FIFO queue, moving forward all the molds stored there. To model
the advancement of the molds in the cooling drum, real measurements were made
on this vibrating device and the time that a mold needs to travel through it. Our
measurements indicate that it takes approximately 3 min and 15 s to travel through
the entire device. In addition, in the case that concerns this research work, a digital
representation of 25 molds was applied to approximate it. These values were prepared
to be parameterized and to make it easier to extrapolate the solution to the second
line of the plant or to other plants.

3. The time elapsed without falling molds is another event. Given all the possible
situations during the day-to-day production line, it can be found that the SBC is
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stopped but the vibrating device and the cooling drum continue working. This
situation translates into advances in the content of the vibrating device without being
real molds. In other words, it is a creation of empty slots that move the content of the
device. Therefore, concurrently with the shake out events, verification processes to
manage these movements are maintained. Thus, if a pre-established time passes (in
the use case that concerns us, they have been defined as 14 s), the digital twin advances
all molds located in the vibrating tape, introducing a blank gap that simulates the
real advance.

Under this movement management, there is another special situation related to the
activation of the by-pass. In this case, despite the fact that the SBC advances and creates
new molds, these new molds do not fall into V. Thus, they will disappear as long as
the signal is not deactivated. Intrinsically, the non-existence of the fall of those molds
will generate new holes in the vibrating device to compensate for the advances that have
been made.

Once the digital twin has been able to represent the reality of the molds, it is necessary
to characterize each of them to provide information to the digital twin, that is, it is necessary
to define the vi variables (v1, v2, . . . , vz) that define them. To do this, we worked on the
different aspects that are explained below.

2.2.1. Dwell Time

Within the set of vi variables of each mold, we find two time-related variables assigned
by the molding machine [23]. These variables are the time in which the mold was poured
(more accurately, the pouring time) and the time of falling from the SBC to the vibrating
device (specifically, the shake out time). As previously explained, when the shake out
time variable is informed, the digital twin starts the calculation process associated with
(i) updating the digital mold queues and (ii) calculating the water adjustment. Based on
these data, a new variable is created that represents the time passed since the mold was
poured. This is what we call “dwell time” and is calculated by subtracting the time of the
advance instant from the pouring time. In each of the advances that occur in the line, this
time is recalculated and updated. In this way, both digital mold sequences are updated and
adjusted to what is happening in the real world. This method allows us to consider the
dwell time of all those molds that are in the vibrating-cooling drum ensemble.

This variable is used to be able to adjust the temperature of both the sand and the metal.
In other words, the longer the mold is in the cooling line, the lower the temperature of both
the sand mold and the metal. To take into consideration of this effect, a factor F ∈ [0− 1] is
created (the longer the mold is on the line, the lower that value). F is calculated as shown
in Equation (1):

F = [−0.355 · ln(Dwell Time(min))] + 2.4713, (1)

However, and as a special case, if the dwell time is less than 60 min, the formula is not
used, and the highest possible value is directly assigned.

Equation (1) is extracted through a logarithmic regression process on real data obtained
from the production process (more information on data extraction and its use in Section 2.1).

The digital twin can manage two modes of operation. In the first mode, it calculates
the permanence from the casting until the moment in which it falls to the vibrating device.
In the second mode, the dwell time does not end until the mold leaves the cooling drum.
The difference between both is that, while the first mode is static (as soon as the mold starts
in the vibrating device, the F factor is set and it does not receive any update), the second
mode is dynamic, and it adjusts better to production stops. For example, in case there is a
stop in the vibrating device or in the cooling drum, if the calculation is made using the first
of the mode options, its F factor will not change. However, by using the second mode, the
factor continues to be updated over time. Hence, the temperature approximation is more
accurate. This second mode is the method that has been activated by default in our system.
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2.2.2. Sand and Metal Flows

All the adjustment calculations that the digital twin has to perform are directly affected
by the flows of sand and metal that end up entering into the cooling drum.

To calculate the weight of the sand in each mold, we start from the dimensions of
the molding chamber (specifically, its width and height) and the thickness of the mold
generated (data obtained and captured by the molding machine itself). In this way, starting
from the premise that compacted sand has a density of 1.6 gr./cm3, the amount of sand in
each mold is calculated as follows [24]:

Sandweigth(kg.) =
[x·y ·density ·(thickness/10) ]

1000
, (2)

where x and y are the width and height of the chamber, respectively; density is the data
indicated above, and thickness is the value that characterizes the specific mold and has been
given by the molding machine. Moreover, the formula is completed with some adjustments
to transform the mm and gr to kg.

The weight of the metal is determined using the weight of the casting bunch (i.e.,
weight of all the castings, the feeding system, and the filling system) and the premise
“full/empty” mold. While the weight of the plate has been generated by the foundry’s
engineering department and has been recorded in a database that the digital twin is able to
look up, the way to establish whether a mold is full or not is through the employment of
the sensor T0, as shown in Figure 2. Specifically, depending on the time the mold remains
in the molding line (factor F detailed in the previous section) and the temperature recorded
by the aforementioned sensor, we apply Equation (3), obtained experimentally, to define
the limit temperature that we have to use to determine the mold situation. This function is
created as a function of the dwell time:

Templimit = [−5.617 · ln(Dwell time(min))] + 69.709, (3)

On the one hand, if the temperature recorded by the sensor is higher than the limit
temperature obtained through Equation (3), the mold is considered to be full, and the
weight of metal recovered from the storage systems will be applied. On the other hand,
if the temperature is lower than the limit temperature, it is defined as an empty mold,
indicating that the weight of metal is zero.

From that moment, each of the molds is assigned a specific and concrete weight of
sand and metal. Knowing these weights, the production flow can be calculated, considering
the time elapsed between the fall of the previous mold and the current mold to the vibrating
device. In this manner, we have the theoretical amount of sand and metal that passes per
second in the vibrating device and that, in a short period of time, will end up entering the
cooling drum.

2.3. Uncertainty Management and Adjustments

The biggest problem that these types of systems have to face is the accuracy in the
representation of reality. The system can be highly tuned, but there is always an entropy
that ends up making it untuned. In order to deal with this fact, we detected the following
situations during our system definition and testing:

• Lag in the time shake out parameter. During the analysis of how the molding machine
works, its behavior, and the information generated, we have detected a lag in the shake
out time. Specifically, it is about 9–12 spots. In other words, when a mold falls to the
vibrating device, the system indicates that fall between 9 and 12 advances later.

• Error generated by the molding machine due to dimensional variations in the cool-
ing line. This is corrected through a configurable factor in the digital twin itself where,
specifically, the fall is made 10 molds later than the molding machine indicates.

• Average of the weights. Although molds come into the cooling drum in sequence,
there is uncertainty about the progress of the molds inside the cooling drum. In
addition to this unknown, the addition of water is carried out on a series of molds, and
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not only on one mold. Therefore, researchers have decided to average the flows of a
series of molds, which are located in the initial area of the cooling drum. In this way, it
is possible to avoid or minimize the possible error that is generated in the assumption
of the positioning of molds in the vibrating device and cooling drum.

In our particular research work, we created an average of 25 consecutive molds.
Figure 4 graphically summarizes the calculation of the average sand and metal flows.
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Figure 4. Mold sequence diagram in the digital twin and how n = 25 molds are selected for the
average weight calculation.

Every time the molding machine makes a delivery, a movement is generated in the
whole line, therefore, a new mold falls on the vibrating device. In this way, in the digital
twin, the molds advance in the sequence, that is, a new mold enters inside, all existing
molds also advance one position, and the last mold leaves the sequence. The length of this
sequence is parameterizable, facilitating the extrapolation of the solution to different sizes
of vibrating devices and cooling drums.

2.4. Prediction or Regression Function

As was detailed at the beginning of this section, the digital twin must be able to derive
a solution that improves the real environment of the production process. Until now, all the
detailed work has been oriented towards the identification of the state of the process and
the characterization of the elements or entities to take into consideration the optimization
task. Notwithstanding, this section tries to complete the job by detailing the calculation
algorithm that will provide the number of liters that must be added in the cooling drum in
order to keep the return sand temperature controlled.

Thereby, once the average sand and metal flows of the n molds of the initial part of the
cooling drum have been determined, we execute the main equation of the algorithm that
will indicate the value to add. To achieve this equation, different situations of stability of
the machine were studied in which the outlet temperature of the sand was 60 ◦C. In these
situations, the average flows of sand and metal that occurred 15 min earlier in the cooling
drum (estimated time necessary for the pieces to pass through the device) were calculated,
a posteriori, and the amount of water that was added to achieve that temperature. The
following graphs show the direct relationship that each flow rate has with the addition of
water. Specifically, Figures 5 and 6 show the correlation between Sand and Metal. Both
graphs are using calculated flows by the digital representation.
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Starting from these data, a mathematical equation is obtained that relates the flows
and the addition of water (Table 1) where:

• Coef indicates the estimation of the numbers that accompany the regression;
• Error indicates the variation that the estimation of the coefficient has, which is impor-

tant when determining the significance;
• r2 indicates how well the model fits; its value range between 0 and 1, and the closer

it is to 1, the independent variables explain a greater amount of the variation of the
dependent variable;

• Sresidual is also known as the standard error and corresponds to how much the variables
deviate from the prediction made by the regression;

• F indicates if all the coefficients of the regression, jointly, are different from zero;
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• d.f. is the degree of freedom which is the number of degrees associated with the
sources of variance;

• SCReg/SCRef is the relationship between the regression sum of squares and the residual,
the lower this ratio, the better the data fit.

Table 1. Mathematical equation obtained by the correlation of the flows and the addition of water.

Q Metal Q Sand Constant

Coef. 11.7584704 0.173421604 −6.84395782

Error 8.62276505 1.96740517 8.54667084

R2/SResidual 0.93941607 1.442050501 -

F/d.f 23.259042 3 -

SCReg/ScRef 96.7348044 6.238528944 -

Figure 7 shows the above equation (explained in Table 1); the black lines indicate
the minimum addition that must be made at each moment, as long as the addition is less
than that proposed by the equation. These minimum water additions are defined from the
situations analyzed during the validation tests of the water addition equation.
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For those molds with a prolonged dwell time in the molding line, and therefore, lower
sand and metal temperatures, a factor ranging from zero to one is developed through an
equation. This factor multiplies the result of the equation of the addition of water (Figure 8).
For times less than 60 min, the factor remains at one.
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Consequently, as a summary, the equation of water additions (WA) is as follows:

WA = F·(−6.844 + 11.7585·Qmetal + 0.1734·Qsand), (4)

As was previously explained, the system calculates the addition of water each time a
new event occurs, that is, each time a mold falls into the vibrating device or despite not
falling, the vibrating device is activated and a “hole” is generated. It is at this moment
when the formula is launched, and the digital twin provides the solution that has to be
carried out in the real world to keep the process and return sand temperature adjusted.

2.5. Management of Special Cases

During the production process, special situations may occur, and some work must be
carried out to avoid the occurrence of high temperatures or episodes of mud. Below, we
detail those situations and how the digital twin handles them.

• Vibrating device activated when SBC is stopped. When the vibrating device is
activated and the line (the SBC) is stopped, there is a situation in which there is no
shake out of molds that fills the queue of the vibrating device. Thus, after determining
the status of the line, that is, if the vibrating device is working (capturing the digital
signal from the hardware device) and the SBC is stopped (we do not detect shake out
events of the molds), a temporary evaluation is carried out (18 s from the last drop of
a mold) that determines if we should represent the progress of the vibrating device
with a “hole” or “ghost mold” where we do not have sand or metal. Each of these
generated holes occupies a segment of the sequence with a sand and metal flow rate
of zero.

• By-pass and vibrating device activated. This case is similar to the previous one.
When the by-pass is activated, molds are recovered before falling to the vibrating
device. Thus, in this case, “holes” are also generated. As in the previous case, these
“holes” or “ghost molds” are generated with a flow rate of metal and sand equal
to zero.

• Empty molds. The molds considered to be empty at the end of the line do not contain
metal, however, they produce a flow of sand. Since this sand is not heated by the
pouring of the metal, the mold does not suffer a loss of moisture, therefore, it is not
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necessary to add more water to it. For this reason, the sand flow of the empty molds is
considered to be zero.

• Starting after stops. After a prolonged stop of the molding line (more than 15 min),
a situation of excessive drop in temperature in the molds may occur. For this reason,
the system determines a restart process making a staggered supply of water. In this
way, the digital twin avoids making excessive additions of water. This approach tries
to take into consideration the cooling of the equipment and of the sand inside it. This
method tries to avoid high humidity and viscosity, letting the sand be filtered through
the corresponding holes.
The stepwise additions of water were extracted through an empirical process of trial
and error. Specifically, Table 2 shows the configuration values.

Table 2. Operating modes of staggered additions in prolonged stops.

Downtime (tstop) (min)

15 < tstop < 60 60 ≤ tstop < 300

Multiplier Factor Number of Molds Multiplier Factor Number of Molds

0.25 6 0.25 12

0.50 6 0.50 12

0.75 6 0.75 12

1 6 1 12

With a stop of 15 to 60 min, the additions of water that are made during the first six
molds created, start with a multiplying factor of 0.25. The following additions of the
next six molds, start with a factor of 0.50, and finally, the additions of water made
during the last six molds, start with a factor of 1.
In the case of a long stop (between 60 min and 5 h), the first additions have a starting
factor of 0.25 during the first 12 molds, the next 12 molds with 0.50, and finally, the
last 12 molds have a starting factor of 1.
In cases where the stop is greater than 5 h, the sequence is restarted, and the system
must generate the entire sequence of 50 molds again before it begins to provide a value
of water to add.
Again, all these configuration values were extracted from the digital twin itself in
order to be able to be modified, adapted, and adjusted, allowing new deployments of
the system that we are presenting in this research paper.

• Molding machine without using sand. When the molding machine works empty, it
does not generate any mold, since it executes the cycle without delivering any molds.
In these cases, the line advances as if a new mold had been delivered, creating a gap
in the molding line. Therefore, the more cycles that are empty, the greater the gap
generated in the line. This situation is identified by analyzing the compressibility
value provided by the molding machine. When this parameter offers a value of zero,
the machine works without load, while a positive value indicates that the machine
has pressed the sand during the corresponding cycle. These generated voids are
subsequently undone on the line with real machine cycles (compressibility > 0) without
the SBC molds advancing. Although these registered gaps appear in the database, the
system does not consider this information, since the gaps generated never reach the
end of the line. For this reason, the software is designed to avoid this kind of molds.
Note that the molding machine usually marks the shake out time of all these molds
with compressibility at zero, practically at the same time or does not mark them. This
fact facilitates their processing.
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2.6. Feedback to the Plant

The proposed approach described in this research is capable of generating a series of
information (i.e., water addition liters) that must be transferred to the real systems that
govern the plant. In this way, the digital twin has been connected to the SCADA deployed
in the plant as follows:

• Data Storage. Every time there are advances in mold sequences (both in the cool-
ing line and in the vibrating device or cooling drum), the digital twin triggers the
calculation process and logs everything into a database. Specifically, there is a table
in which the input information used as raw data is recorded (in other words, the
information that represents the current state of the process, which has been used for
the calculations) in addition to the proposal made by the developed digital system.

• SCADA modifications. The existing SCADA system has been modified. Specifically,
it includes a new functionality that allows users to use our new suggestions or those
already made by the old system. When the use of the digital twin is activated, the
SCADA system accesses the database where the suggestions have been registered and
employs them to generate the water additions. Otherwise, it uses its less accurate
algorithm to add water.

3. Results

Once the digital twin that monitors and supports the cooling process was managed
and created, we carried out tests to confirm that its theoretical design really affected the
process and achieved a significant improvement. Likewise, the new management method
was progressively used and we recovered data to observe what happened.

First, we recovered the data for a specific month, and obtained the following statistical
measures to be used to analyze the average functioning and its dispersion.

Table 3 shows a comparison, over a month, in which the digital twin has been up
and running; a reduction in the average temperature can be observed. Specifically, this
reduction is close to 4 ◦C. Nevertheless, although it seems like a small reduction, when we
look at the standard deviation, we can see that the process is, now, much more controlled
and focused. Now, the fluctuations that occur are much lower and the process almost
always remains in the same temperature range. Likewise, the high temperature values that
exceed 100 ◦C have been reduced and eliminated. From more than 9000 register counts of
this type of temperature generated with the foundry old system, the digital twin has been
able to eliminate them. These results indicate that the digital twin produces a high control
effect, allowing an adjusted and controlled production process.

Table 3. Dispersion measurements that show how, when using the digital twin, the temperature of
the return sand is reduced, it is also more constant and temperatures above 100 ◦C are avoided.

Average
Temperature Standard Deviation

Count of Registers
with High

Temperature (>100 ◦C)

Without Digital Twin 64.796 ◦C 9.499 9200

With Digital Twin 60.874 ◦C 7.039 0

Additional observations were obtained from the analysis as follows: By using the digi-
tal twin, the probabilistic distribution of sand return temperature was shifted. Specifically,
Figure 9 shows how applying the digital twin calculations produced more registers of low
temperatures. Specifically, the highest temperatures that occur are in the range of 80 to
85 ◦C. However, by comparing the number of registers generated in this range when the
digital twin was not used, we verify that the reduction is notable. In addition, there are no
registers at higher values, therefore, high temperatures were fully controlled.
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system available at the foundry.

With respect to the lowest temperature ranges, the graph shows that the number of
registers increases, indicating that the general temperature trend is between 55 and 65 ◦C.
Previously, when the digital twin was not used, the predominant temperature range was
between 60 and 70 ◦C, but with a high influence from the adjacent ranges. In summary,
Figure 9 illustrates the fall in temperature trends when the digital twin is activated.

Note that temperature values lower than 45 ◦C have been achieved in both cases.
These temperatures could have been reached because the belt was empty or with little
sand. Therefore they were not taken into consideration in this evaluation. In addition, if
a temperature lower than 45 ◦C was reached, it could be the case that an episode of mud
could be produced. Therefore, the system tries to work avoiding those values.

As a brief summary, the results are clear and the use of the developed digital system
reduces temperatures, keeping them more constant and controlled.

4. Discussion and Conclusions

In this research work, the main focus was on designing and creating an advanced
system to monitor and control the temperature of return sand in a green sand iron casting
process. This process was previously controlled by a less advanced system that was not
capable of maintaining a stable temperature. In order to enhance the existing system, our
new approach was based on digitization of the plant, and created a digital representation
of the current state of the manufacturing process and could calculate the liters of water
that must be added to keep the process controlled. Once the calculation of liters was
obtained, the digital twin could send the information to the SCADA system that governs
the manufacturing plant, which could act on the process by applying the proposed water
addition. This method means that operators do not have to worry about the management
and control of water additions and sand temperature because the digital twin already does
it for them automatically.

The results achieved by the system are impressive. Currently, the temperature remains
stable in a controlled range. In this way, the average temperature of the return sand is
reduced at least 4 ◦C and the standard deviations of these values are drastically reduced,
showing that the current process is stable. In addition, the apparition of registers in a very
high range of temperature values (greater than 100 ◦C) has been totally eliminated.

Despite the good results achieved, during the real tests in the plant, special situations
or cases were detected that the digital twin could face. These situations should become
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the focus of future work that would further improve the presented approach. Specifically,
these situations are the following:

• The time of year causes variations in ambient temperature, humidity, or other atmo-
spheric factors. These changes mean that, given the same addition value, the real
system does not behave in the same way. For this reason, an adjustment factor was
incorporated. Hence, an operator could manually reduce or increase the calculated
addition values. However, as future work, this factor could be calculated automatically.
According to each specific time of the year that the environmental values are collected
at a plant, this factor should be adjusted.

• The digital twin represents the reality as a sequence of molds. It is true that molds
are not kept in a perfect sequence inside the vibrating device, but our approximation
works. The current parameterization of the system was carried out for a specific case,
however, if there were changes in machinery the system would not be adjusted and
would not work properly. Therefore, it is necessary to work on a better digitization
that could provide enough information to allow the system to automatically calculate
the adjustments of the digital representation.

• These types of systems are sensitive to data. In other words, if the data generated are
wrong or contain errors, the system cannot perform its job properly. This can only be
solved if data monitoring and validation systems are generated to ensure their quality.
Likewise, if there are crashes in the information capture systems or sensor failures,
the system would fail, again due to it not representing reality. In fact, maintenance
teams take on greater importance to oversee making sure that the complex ecosystem
of captors and actuators work properly.

Regardless of these situations and the aforementioned future work, our developed
digital twin achieved the objectives defined at the beginning of this research. It allows
automated control of the return sand temperature without the use of coolers. In addition,
its processing is carried out automatically, eliminating low added value tasks in the manu-
facturing process. Therefore, the employment of this type of system is the way to improve
foundry processes, and especially those that want to be called intelligent processes.
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